ABSTRACT The concept of massive spatial modulation aided multiple-input multiple-output (SM-MIMO) systems, where the base station (BS) is equipped with a large number of antennas and simultaneously serves several multi-antenna users that employ SM for their uplink transmission, has recently attracted substantial research interest. In this paper, we investigate the uplink bandwidth efficiency (BE) of single-cell massive SM-MIMO systems, and derive a new BE lower bound when the BS employs maximum ratio combining for uplink user detection. The proposed BE bound takes into account the impact of spatial correlations at the transmitter, of imperfect channel estimation, and of non-uniform power allocation among each user's antennas (i.e., different antennas are allocated with different levels of transmit power). These bounds are shown to be tight even when a moderate number of antennas is used by the BS. Based on this bound, a gradient ascent method-based optimization is carried out to find the optimal power allocation among the transmit antennas (TAs) of each user, so that the uplink BE can be maximized. More specifically, the optimal power allocation is found to be typically dependent both on the TAs' spatial correlation and on the largescale attenuation of each user. Aided by this new power allocation scheme, a substantial BE gain can be achieved over the conventional uniform power allocation schemes, which is substantiated by our simulation results.
I. INTRODUCTION
Massive multiple-input multiple-output (MIMO) solutions constitute promising techniques of compensating for the rapid growth of data traffic in the next-generation cellular telecommunication networks [1] - [5] . In massive MIMO systems, the base station (BS) is usually equipped with a large number of antennas and simultaneously serves multiple single-antenna aided users. Compared to the conventional MIMO systems, both the bandwidth efficiency (BE) and energy efficiency (EE) of massive MIMOs can be orders of magnitude higher due to the huge diversity and multiplexing gains achieved by the hundreds of antennas used [6] . Furthermore, the large-scale antennas used in massive MIMOs also allow the BS to employ low-complexity linear combining schemes for multi-user detection (MUD) at the cost of minimal performance loss compared to a maximumlikelihood (ML) receiver [2] .
In conventional MIMO systems, such as the Vertical Bell Laboratories Layered Space-Time (V-BLAST) scheme [7] , the number of radio frequency (RF) chains required is the same as the number of transmit antennas (TAs). Due to the bulky construction and high power dissipation of the RF amplifiers, the power efficiency of the conventional MIMO transmitters is usually low, especially when the number of TAs is large. To circumvent this problem, the concept of spatial modulation (SM) has been proposed to strike a better tradeoff between the EE and BE [8] - [13] . In SM systems, only one of the many TAs is activated during each symbol's transmission, and the number of RF chains required is hence reduced to 1, which leads to reducing both the energy 
dissipation and design complexity [8] . Moreover, in SM, the information is conveyed not only via the classic amplitudephase modulation (APM) symbols, such as quadrature amplitude modulation (QAM) and phase shift keying (PSK), but also by the active antennas' indices. Therefore, a BE gain can also be achieved by SM compared to the conventional singleantenna transmission schemes [9] . Previous research on SM techniques has been typically conducted in a point-to-point communications scenario. For example, in [14] and [15] , the application of sphere decoding for the symbol detection of SM was investigated, which facilitated a scalable performance vs complexity tradeoff. Transmit pre-coding schemes were conceived for point-topoint SM systems in [16] - [18] , where the channel state information (CSI) was utilized by the transmitter to enhance the detection performance of the receiver. The mutual information analysis of SM systems was carried out in [19] - [21] , which enabled a system-level optimization for the case of enhancing the performance of SM systems.
Recently SM techniques were also proposed for massive MIMOs to conceive the novel concept of massive SM-MIMO [22] - [26] . In massive SM-MIMO systems, the BS is equipped with a large number of receive antennas, while each user is equipped with a lower number of multiple antennas and uses SM for his/her uplink transmission. More specifically, in [22] and [23] , MUD schemes were proposed for large-scale multi-user SM-MIMO systems operating both in flat-fading and in dispersive channels, respectively. In [24] , the inherent sparsity of SM symbols was exploited to attain a favorable MUD performance at a reduced computational complexity. Moreover, in [25] , a comprehensive BE and EE analysis was carried out for massive SM-MIMOs, which showed that massive SM-MIMOs have the potential to outperform conventional massive MIMOs with respect to EE. In [26] , the impact of the number of each user's TAs on the uplink BE was explored and a novel perspective on the system-level optimization for massive SM-MIMO systems was provided, which relied on elaborately selecting the number of each user's TAs to maximize the uplink BE.
Previous research on massive SM-MIMOs was predominantly based on a uniform power allocation scheme, where the TAs of each user were allocated the same amount of power for their uplink transmission. Furthermore, previous study of power allocation schemes conceived for conventional massive MIMO systems was carried out for single-antenna users, which is not applicable for the multi-antenna-SM users considered in our massive SM-MIMO system. Therefore, to the best of our knowledge, the benefit of adaptive power allocation on the uplink BE of massive SM-MIMO systems has not been investigated. Against this background, the novel contributions of this paper are as follows:
• A theoretical framework is proposed for evaluating the uplink BE of massive SM-MIMOs, in which the CSI is acquired via uplink pilot transmission, and the BS employs linear maximum ratio (MR) combining for MUD.
• A new closed-form lower bound is derived for quantifying the uplink BE, which takes into account the impact of the transmitter's spatial correlations, of the non-uniform power allocation among the users' TAs and those of imperfect channel estimation. The proposed bound is shown to be tight even for a limited number of BS antennas.
• Based on the new BE bound, a gradient ascent method based optimization scheme is proposed for finding the optimal power allocation in terms of maximizing the uplink BE. The BE gain achieved by the optimization scheme is validated by numerical simulations, which are shown to be significant, especially for a high level of TA correlation. The organization of the paper is summarized as follows. Section II introduces the system model of our single-cell massive SM-MIMO system along with the achievable BE analysis. Section III presents our proposed optimization scheme as well as the complexity and concavity analysis. Our simulation results are provided in Section IV. Finally, Section V concludes this paper.
Notations: in this paper, CN (µ, ) denotes a circularly symmetric complex-valued multi-variate Gaussian distribution, with µ and being its mean and covariance, respectively, while CN (x; µ, ) denotes the probability density function (PDF) of a random vector x ∼ CN (µ, ). Furthermore, {0, 1} N denotes an integer vector composed of N elements selected from 0 and 1. I N represents an N -dimensional identity matrix, whose the n-th column vector is denoted by e n , while δ i,j denotes the dirac function, which equals 0 and 1 when i = j and i = j, respectively. Finally, diag(x) denotes a diagonal matrix, whose diagonal elements are given by the vector x.
II. SINGLE-CELL MASSIVE SM-MIMO SYSTEM A. SYSTEM MODEL
We consider a single-cell massive SM-MIMO system, in which M denotes the number of receive antennas (RAs) at VOLUME 5, 2017 FIGURE 1. Pilot signaling scheme for user k, where v k ∈ C B/N×1 is a time-domain-orthogonal sequence, and 0 denotes de-activating the corresponding antenna.
the BS, N denotes the number of TAs on each user and K is the number of users in the cell. Similar to [2] and [26] , we assume that the uplink transmission is divided into several time frames. The duration of each frame is T c seconds and the SM symbols are transmitted at a symbol rate of 1/T s symbols per second, hence the number of symbols transmitted in each frame is T = T c /T s . The frame duration T c is assumed to be shorter or equal to the channel's coherence time, hence the CSI can be assumed to be time-invariant within each frame. Let h kn ∈ C M ×1 denote the channel's response between the n-th TA of user k and the BS. Similar to [26] , we assume that the channel is correlated at the transmitter and obeys:
where β k > 0 denotes the large-scale attenuation of user k, H k ∈ C M ×N is composed of i.i.d. elements of CN (0, 1), and R t ∈ R N ×N represents the correlation matrix at the transmitter side. For convenience, we denote the (m, n)-th component of R t as ε mn . It is worth noting that to accommodate a large number of antennas, the BS usually has a much larger size than the cell phones and tablet computers, hence we only consider the impact of the uplink spatial correlation of the transmitter [26] . The BS acquires the CSI via uplink pilot transmission, where B > 0 out of the T symbols in each frame are reserved for pilot transmission. The pilot transmission scheme of user k is designed as in Fig.1 . More specifically, due to the single RF-chain of each user, the N TAs must be activated in a oneby-one fashion during the uplink pilot transmission. Hence we divide the B symbols into N sub-frames, while the n-th TA of user k is scheduled to transmit a time-domain-orthogonal sequence v k ∈ C (B/N )×1 in the n-th sub-frame, as depicted by Fig.1 . The remaining (T − B) symbols of this frame are reserved for data transmission. Similar to [26] , we have B = NK , and the sequences v 1 , . . . , v K are selected from an (B/N = K )-dimensional discrete Fourier transform (DFT) matrix, which leads to the following orthogonality property:
It can be seen from Fig.1 and (4) that the pilot design of this paper is equivalent to considering the NK users' TAs as NK separate single-antenna ''users''. Hence the conventional orthogonal pilot design of massive MIMOs [2] - [6] can be exploited for acquiring the CSI. Therefore the symbols received in the n-th sub-frame during the pilot transmission are denoted by Y P,n ∈ C M ×K and formulated as:
where P u > 0 is the average transmit power of each user, N P,n ∈ C M ×K is composed of i.i.d. CN (0, σ 2 N ) elements, and σ 2 N > 0 is the variance of the additive white Gaussian noise (AWGN) at the BS's RAs. Therefore, the zeroforcing (ZF) based channel estimate of h kn is formulated as:
where
It is worth noting that the uplink pilot signaling scheme of Fig.1 and the ZF channel estimation of (6) simply represent a specific example via which we can quantify the CSI estimation error analytically. In fact, the analysis of this paper is applicable to any generic pilot design and to any CSI estimation scheme, as long as the CSI estimation error can be analytically or empirically quantified as in (6) . As a matter of fact, we believe that some more efficient and accurate pilot signaling schemes can be designed by exploiting the spatial correlation of the users' TAs, which we will defer to our future research.
B. ACHIEVABLE UPLINK BE
The symbols received during the effective data transmission phase are denoted by y u ∈ C M ×1 and given by:
where n u ∼ CN (0, σ 2 N I M ) denotes the AWGN contaminating the BS's RAs. Moreover, x kn denotes the symbol transmitted by the n-th TA of user k, and γ kn ∈ {0, 1} is a binary random variable representing the activation status of TA n (γ kn = 0 and 1 represents an inactive and active antenna, respectively). According to the basic principle of SM, we have N n=1 γ kn = 1, and γ kn = 1 with a probability of 1/N , while P kn > 0 denotes the power of the n-th TA, which has the average power of
In this paper we assume that the average power during data transmission equals to the power P u during pilot transmission.
We assume furthermore that the BS uses g kn ∈ C M ×1 to linearly amplify the transmitted symbol of the n-th TA of user k. Therefore, according to [2, Lemma 2] , the signal-tointerference-and-noise ratio (SINR) of the symbol transmitted by the n-th TA of user k can be lower-bounded by (1) shown at the top of Page 2, where E h denotes the expectation over the random channel realizations. Considered, in this paper we assume that the BS uses maximum ratio (MR) combining for mitigating the multi-user interference, i.e. we have g kn =ĥ kn whereĥ kn has been formulated in (6) . We hence arrive at Lemma 1.
Lemma 1: The reciprocal of the symbol-SINR at the n-th TA of user k can be lower-bounded by ρ kn , which is presented as in (2) at the top of Page 2, when the BS uses linear MR combining.
Proof: The proof is provided in the Appendix. Let x SM,k ∈ C N ×1 represent the symbols transmitted by the N TAs of user k in a specific symbol period. Similar to the mutual information analysis conducted for SM in [19] - [21] , we consider a complex-valued Gaussian input for each user, i.e. we have:
where s k ∼ CN (0, N ) denotes the complex-valued Gaussian input, while a k ∈ {0, 1} N denotes the TAs' activation pattern. According to the SM principle, only a single component of a k is non-zero, which is randomly selected from {1, 2, . . . , N } by obeying the uniform distribution. Based on Lemma 1 and (9), the post-processing signal of user k, i.e. y k , can thus be modeled as the output of the following additive fading channel 1 :
where r k is a zero-mean circularly symmetric complexvalued Gaussian noise having a covariance matrix of:
with ρ kn formulated in (2) . As a matter of fact, r k is not necessarily a complex-valued Gaussian random vector. However, modeling r k as the worst-case Gaussian noise naturally leads to lower-bounding the mutual information between y k and x SM,k . Based on the equivalent channel model of (10), the achievable uplink rate of user k can thus be lower-bounded as follows:
where I (y k ; x SM,k ) represents the mutual information between x SM,k and y k , and (T − B)/T is the normalized data transmission time. However, the calculation of I (y k ; x SM,k ) usually relies on numerical integrations and lacks closedform formulations, which leads to an excessive computational burden. Therefore we propose Theorem 1 for lower-bounding R k with a closed-form formulation, i.e. R lb k .
Theorem 1:
When the BS uses linear MR combining, a lower bound of the achievable uplink rate of user k is formulated as follows:
where ρ kn has been given in (2), and kn is given as follows:
where e n represents the n-th column of an identity matrix I N .
Proof:
The proof is provided in the Appendix. It can be seen from (13) that Theorem 1 provides a closedform lower bound for the uplink BE of massive SM-MIMO systems, which eliminates the potential computational complexity required for calculating the mutual information term of (12) . In the next subsection, we move on to investigate the asymptotic behavior of the bound proposed in Theorem 1, when M tends to infinity.
C. ASYMPTOTIC ANALYSIS FOR LARGE-SCALE BS ANTENNAS
By increasing M without limit, the following corollary can be obtained:
Corollary 1: The SINR's reciprocal exhibited in (2) converges to the following limit, when M tends to infinity:
It can be readily seen from (15) that upon increasing M without limit, the asymptotic SINR term of the n-th TA of user k is exclusively dependent on the power allocation and the TAs' correlation terms of this user's own, while the impact of the large-scale attenuation β k of other users is eliminated. Moreover, by assuming a uniform power allocation scheme, i.e. P k1 = P k2 = . . . = P kN = P u , (15) can be simplified to:
where the detrimental impact of the TAs' correlation becomes explicit. In fact, due to the presence of spatial correlation, the SINR of each user's TAs cannot be increased without limit by employing an unlimited number of antennas at the BS, it is upper-bounded by the spatial correlations, as seen in (16) . The spatial correlations are thus the major performance bottleneck of single-cell massive SM-MIMO systems. 
D. BOUND TIGHTNESS
In this subsection we seek to validate the tightness of the proposed BE bound in Theorem 1. The simulated uplink sum rate R sim and the theoretical uplink sum rate R theo are calculated based on (12) and (13) respectively, i.e.
Moreover, the SINR terms for R k and R lb k are calculated based on (1) and (2), respectively. Similar to [2] , the largescale attenuation is given as:
where d k is the distance between user k and the BS, r min represents the minimum distance from each user to the BS and α > 0 is the path-loss exponent. The cell radius is denoted by r c > 0, which is the distance spanning from the cell center to the cell edge. We consider a hexagonal cell in this paper. Furthermore, in this subsection, we assume that the K users surround the BS with an equal angular spacing and an equal distance r d (r min ≤ r d ≤ r c ) from its BS. To exemplify our results, we consider the exponential correlation model as in [27] :
where we have m, n = 1, 2, . . . , N , and ω represents the correlation coefficient. Note that the derivations of this paper impose no constraints on the specific structure of R t and are thus applicable for an arbitrary spatial correlation model. For convenience, all the simulation parameters have been summarized in Table 1 along with their specifications and typical values. For all the simulations in this paper, the parameters are configured as in Table 1 , unless stated otherwise.
The simulated and theoretical uplink BE associated with uniform power allocation (P k1 = P k2 for all the users) are depicted in Fig.2 , while the uplink BE associated with nonuniform power allocation (P k1 /P k2 = 10 for all the users) are provided in Fig.3 . The impact of various r d value is also explored in these figures. Observe from Fig.2 that the proposed bound provides a tight approximation to the simulation results, when a uniform power allocation is adopted. In Fig.3 , however, a small deviation is observed, when a strongly nonuniform power allocation is employed, which is mainly due to the application of Jensen's inequality invoked for lowerbounding during the derivations. Comparing Fig.2 against Fig.3 , it is observed that a BE loss is introduced by the nonuniform power allocation (P k1 /P k2 = 10), which simply suggests that a uniform power allocation (P k1 = P k2 ) is better than (P k1 /P k2 = 10) in terms of BE, when the configuration of Table 1 is applied. (17) . The power is uniformly allocated for all the TAs of each user, i.e. P k1 /P k2 = 1 (1 ≤ k ≤ K ). Other parameters have been specified in Table 1 .
Based on these figures, it is readily seen that the bound proposed in Theorem 1 provides a tight approximation to the simulation results. Hence we will move on to explore the benefits of power allocation optimization based on maximizing the proposed lower bound R lb k for each user. (17) . The power is non-uniformly allocated for each user so that P k1 /P k2 = 10 (1 ≤ k ≤ K ). Other parameters have been specified in Table 1 .
III. POWER ALLOCATION FOR UPLINK BE MAXIMIZATION
In this paper, we assume that the uplink channels' statistics, i.e. β k (1 ≤ k ≤ K ) and R t , are slowly varying over time and that they are known by the BS. The BS can thus determine the specific power allocation for each user and convey the selected allocation to the corresponding user during downlink transmission. Since the statistical CSI is varying much slower than the instantaneous CSI, the updating period of the power allocation strategy is thus much longer than the channel's coherence time and could last as long as several frames, which leads to reducing the downlink overhead. Moreover, based on the expressions of R lb k and ρ kn in (13) and (2), it can be seen that the value of R lb k is only dependent on the power allocation P k1 , . . . , P kN of user k, while the allocation of other users has no impact on R lb k . This isolation facilitates for us to find the optimal power allocation by solving the following optimization problem for each user separately:
According to (20) , the optimization can be performed for each user separately, i.e. the original NK -dimensional optimization problem has been reduced to K independent N -dimensional optimization problems, which has resulted in a beneficial complexity reduction. We now move on to introduce our practical optimization algorithm in the next subsection.
A. PROPOSED OPTIMIZATION ALGORITHM RELYING ON GRADIENT ASCENT
We commence the optimization algorithm design by deriving the gradient of R lb k with respect to P kn for n = 1, 2, . . . , N . For simplicity we introduce:
As a function of the specific power allocation vector
can be calculated as follows:
where the elements of
Based on the expression in (13), the value of ∂R lb k /∂ρ kt can be immediately derived as follows:
where η kn is defined as:
Furthermore, by examining the formulation of ρ kn in (2), the expression for ∂ρ kt /∂P km can be readily derived as in (21) , as shown in the bottom of this page. if (p k ) n = 0 and (m k ) n < 0 then 6: (m k ) n ← 0 7: end if 8: end for
12: end if 13: Search Step: Solve the following one-dimensional search problem:
14: Update:
15: Go to step 2 until the halting criterion is triggered.
As a result, based on the expressions of (25) and (21), the terms D p k ρ k and ∇ ρ k R lb k in (23) can be derived, which completes the computation of the gradient m k (p k ). We thus propose our gradient ascent based optimization in Algorithm 1.
More specifically, the operations spanning from step 4 to 8 ensure that the ascent algorithm does not reduce the power of an antenna that has already been assigned zero power in the last iteration. In fact, steps 4 ∼ 8 correspond to projecting m k to a linear subspace. Hence m k still represents an ascent direction after step 8. Moreover, the operations spanning from step 9 to 12 guarantee that the minimal component of (p k + m k ) is always larger or equal to 0, hence p k + λm k always lies within the feasible region when 0 < λ ≤ 1, which ensures the efficiency of the one-dimensional search in step 13.
Finally, many different halting criteria can be adopted by Algorithm 1. For example, the iterations can be stopped, when no evident improvement of the cost function R lb k is witnessed, or when a certain number of iterations have been carried out.
B. COMPLEXITY ORDER ANALYSIS
The computational complexity of Algorithm 1 in each iteration is mainly due to i) the gradient calculation, and to ii) the calculation of R lb k . The complexity of Algorithm 1 evaluated in terms of the number of multiplications in each iteration is thus summarized in Table 2 . It can be seen that the complexity is mainly affiliated to computing det( kn ) and det( kn + km ) for m, n = 1, 2, . . . , N , which results in a polynomial-order computational complexity. Considering the potentially prohibitive complexity required for calculating the true mutual information term of (12) , maximizing the lower bound R lb k as in Algorithm 1 is a much more reasonable approach.
The complexity of Algorithm 1 is also closely related to the number of iterations required for convergence. Therefore, we will now use simulations for illustrating the convergence speed of Algorithm 1 by characterizing the probability mass function (PMF) of the number of iterations required for convergence. The halting criterion of Algorithm 1 is configured in a way that the algorithm is stopped, when the relative gain of the cost function R lb k between adjacent iterations becomes less than 0.5%. Besides, the users are assumed to be randomly located within the cell according to a uniform distribution and 20, 000 trials are conducted to record the statistics. As seen from Fig.4 , more than 99% of the trials converge within I = 7 iterations. It is also observed that a smaller N value yields a better convergence behavior than large N values. To sum up, the proposed Algorithm 1 provides an efficient solution for calculating the optimal power allocation vector at a manageable complexity.
C. CONCAVITY RESULT
The introduction of the lower bound R lb k and Algorithm 1 serves as an efficient solution for finding the optimal power allocation. The global optimality of Algorithm 1 depends is obtained according to (13) . Other parameters have been specified in Table 1 .
on the concavity of R lb k with respect to p k . However, the concavity of R lb k is found to be dependent on the correlation coefficient ω. This fact can be verified by performing a simple simulation as follows. In Fig.5 and Fig.6 , the achievable BE R lb k is recorded for ω = 0.0 and ω = 0.8, respectively. The case associated with N = 3 is considered in this example and the figures are drawn by varying P k1 and P k3 within the following feasible region:
while P k2 is configured by P k2 = 3P u − P k1 − P k3 . It is worth noting that although N = 3 is usually not acceptable for implementing SM transmitters due to the constraint of the SM's principles, we can still use this as a theoretical example for demonstrating the concavity. Observe from Fig.5 that when ω = 0.0, R lb k is concave with respect to (P k1 , P k3 ), and a unique global optimum is found at (P k1 , P k3 ) = (P u , P u ), i.e. a uniform power allocation is globally optimal for ω = 0.0. In Fig.6 , however, R lb k is observed to be non-concave over (P k1 , P k3 ) for ω = 0.8. Global optima are found at (P k1 , P k2 ) = 0, (P k1 , P k3 ) = 0 and (P k2 , P k3 ) = 0, i.e. the optimal allocation is to assign all the power to a single antenna all the time. Furthermore, a local optimum is also observed at (P k1 , P k3 ) ≈ (1.4P u , 1.4P u ), which is equivalent to identical power allocation between TA 1 and 3, while only a small portion (approximately 0.2P u ) of the energy is reserved for TA 2.
To sum up, the solution provided by Algorithm 1 is not guaranteed to be globally optimal, especially when a high spatial correlation is present. In order to avoid the local optima in the scenario of high correlation, we propose to firstly generate multiple initial solutions p k , and then to run Algorithm 1 multiple times based on these different initial is obtained according to (13) . Other parameters have been specified in Table 1 . is obtained according to (13) . The system configuration is N = 4, β 1 = β 2 = . . . = β K = 1 and ω ∈ {0.5, 0.95}. Other parameters have been specified in Table 1. solutions. Among all the optimized allocation vectors, the one yielding the highest cost function R lb k will be chosen as the final output.
In order to provide a more intuitive demonstration of how the multiple initial points can help locating the global optimum, the evolution of R lb k yielded by Algorithm 1 associated with N = 4 and three different initial solutions, i.e. Fig.7 . As seen from the figure, the BE lower bound R lb k is iteratively improved as the iteration index increases, and the proposed algorithm converges within about I = 6 iterations FIGURE 8. CDF curves of the uplink data rate R sim associated with ω = 0.8, N = 2 and various M. R sim is given according to (17) . Other parameters have been specified in Table 1 .
for all the three initial solutions. Moreover, when ω = 0.5, the algorithm converges to the same objective value for all the 3 initial solutions, which suggests that all the initial points lead to the same global optimum. When ω = 0.95, however, the algorithm yielded in conjunction with case A and C converges to a local optimum, which has almost the same value as that of uniform power allocation. Quantitatively, this is only 77.28% of the objective function value yielded by case B. Therefore, the employment of the multiple initial points is necessary for avoiding local optima. In the following simulations, 20 randomly-generated initial points will be exploited for generating the optimal power allocation vector.
IV. SIMULATION RESULTS
In this section we will explore how the optimized power allocation enhances the achievable uplink BE. In order to demonstrate the efficiency of the proposed optimization algorithm, the system BE presented in this section is obtained via R sim = k R k , i.e. we find the optimal power allocation vector by maximizing the lower bound, while we only show how the optimized power allocation enhances the true uplink BE. Moreover, in this section, the users are assumed to be randomly located within the cell according to a uniform distribution, while no user is allowed to be closer to the BS than r min . In the following simulations, we simply invoke I = 20 iterations in Algorithm 1.
We commence by providing the cumulative distribution function (CDF) of the uplink rate R sim with respect to various system parameters. Note that R sim is a random variable due to the users' probabilistic distribution within the cell. In Fig.8 and Fig.9 , the CDF curves of the uplink BE associated with N ∈ {2, 4}, M ∈ {256, 512, 1024} and ω = 0.8 are plotted. The BE yielded by the globally optimal power allocation strategy, which is obtained by conducting an exhaustive search over the entire feasible region, is also provided in the FIGURE 9. CDF curves of the uplink data rate R sim associated with ω = 0.8, N = 4 and various M. R sim is given according to (17) . Other parameters have been specified in Table 1 . FIGURE 10. CDF curves of the uplink data rate R sim associated with N = 2, M = 512 and various ω. R sim is given according to (17) . Other parameters have been specified in Table 1. figures using dashed lines. Observe from Fig.8 and Fig.9 that a significant BE gain can be achieved by applying the power allocation optimization proposed in Algorithm 1. The BE gain is also observed to be increased, when M is increased from 256 to 1024. Moreover, the BE gain yielded for N = 2 is shown to be more significant than that of N = 4, which suggests that the proposed algorithm is more suitable when N is limited or when M is large. More importantly, it is observed from the figures that the BE achieved by the proposed Algorithm 1 has CDF curves similar to the BE yielded by exhaustive search, which substantiates the global near-optimality of Algorithm 1. Now we explore how the TAs' correlation coefficient ω affects the CDF curves. In Fig.10 and Fig.11 , the CDF curves of the uplink BE associated with M = 512, N ∈ {2, 4} and TABLE 3. 95% Sum rates associated with various M, N and ω values. FIGURE 11. CDF curves of the uplink data rate R sim associated with N = 4, M = 512 and various ω. R sim is given according to (17) . Other parameters have been specified in Table 1 .
ω ∈ {0.2, 0.5, 0.8} are provided. Observe from Fig.10 that by using N = 2 TAs for each user, the performance gain achieved by Algorithm 1 against the uniform power allocation scheme becomes more significant, when ω is increased from 0.2 to 0.8. Moreover, according to Fig.11 , the performance gain yielded for N = 4 is observed to be less obvious than that of N = 2. Besides, both Fig.10 and Fig.11 have validated the global near-optimality of Algorithm 1, since the CDF curves yielded by Algorithm 1 and by the exhaustive search are similar to each other. Therefore, based on the two figures, the proposed Algorithm 1 is shown to be more suitable, when a high level of correlation is present.
In order to provide a comprehensive comparison on the impact of various parameters, in Table 3 we present the 95% sum rates achieved by various power allocation schemes, which is defined as the maximum data rate achieved with a probability no less than 0.95. In general, the rates achieved by Algorithm 1 is shown to be near-optimal for all the simulation parameters. The performance gain over the uniform power allocation is also shown to be increased upon increasing M or increasing ω. Besides, The proposed power allocation is observed to be more beneficial, when a smaller value of N is invoked.
Next we present the average uplink BE curves, which are obtained via averaging over 2, 000 random realizations FIGURE 12. Average uplink BE R sim associated with N = 4, ω ∈ {0.5, 0.7, 0.95} and various M. R sim is given according to (17) . Other parameters have been specified in Table 1 .
of the users' locations, in Fig.12 and Fig.13 with respect to various M and P u /σ 2 N , respectively. Note that we set the average transmit power to P u = 0 dBm, hence varying P u /σ 2 N from 0 to 20 dB amounts to varying σ 2 N from 0 to −20 dBm. Observe from Fig.12 that the BE gain achieved by Algorithm 1 becomes higher upon increasing M and ω. We define the relative BE gain achieved by the proposed algorithm as follows:
where BE p and BE u denote the BE achieved by Algorithm 1 and uniform power allocation, respectively. More specifically, when M = 10 3 , the relative BE gains achieved by the proposed Algorithm 1 are 2.63%, 4.32% and 40.13% for ω ∈ {0.5, 0.7, 0.95}, while the ratios become 3.55%, 11.05% and 66.94% when M = 10 4 . Furthermore, according to Fig.13 , the BE gain achieved by the proposed Algorithm 1 is also improved upon increasing P u /σ 2 N and ω. However, the relative BE gain is observed to be mildly decreasing when P u /σ 2 N is increased. In fact, it can be seen from the figure that when P u /σ 2 N = 10 dB, Algorithm 1 achieves relative BE gains of approximately 2.51%, 4.12% and 34.56% for ω ∈ {0.5, 0.7, 0.95}, while the ratios are mildly reduced to 2.35%, 4.08% and 34.17% when P u /σ 2 N = 20 dB. Based VOLUME 5, 2017 FIGURE 13. Average uplink BE R sim associated with N = 4, ω ∈ {0.5, 0.7, 0.95} and various P u /σ 2 N . R sim is given according to (17) . Other parameters have been specified in Table 1 .
on Fig.12 and Fig.13 , it is concluded that the proposed Algorithm 1 is more suitable for massive SM-MIMO aided uplink transmission when a strong TAs' correlation is present, or when a large number of RAs is used by the BS.
To characterize the user-specific experience improvement introduced by the optimized power allocation scheme, we present the per-user uplink BE (R sim /K ) in Fig.14 as a function of the number of users K . It can be seen that both the curves yielded with Algorithm 1 and uniform power allocation decrease upon increasing K , while a significant per-user BE gain can be achieved by the proposed power allocation scheme compared to the uniform power allocation. Besides, the BE gain becomes larger when a smaller K is imposed. Moreover, in Fig.15 , the rate distribution is plotted as a function of the distance from the BS. According to Fig.15 , for the users close to the BS (distance less than 300 m), the proposed power allocation scheme is shown to attain a significant BE gain. By contrast, the users close to the cell edge (distance larger than 300 m) do not benefit from the proposed power allocation as much as the cell-center users, i.e. the optimal power allocation for the cell-edge users is close to the uniform power allocation. This difference between the cell-center and cell-edge users is mainly due to the variation of the effective SNR associated with different distances from the cell center. Hence a non-uniform power allocation is more beneficial when the effective SNR is high.
V. CONCLUSIONS AND FUTURE RESEARCH
In this paper, we investigated the adaptive power allocation strategy for the uplink transmission of massive SM-MIMO systems. We have found a tight lower bound for the achievable uplink BE given by a closed-form formula, in which the impact of imperfect channel estimation, of the transmitter's spatial correlations, and of non-uniform power FIGURE 14. Per-user uplink BE (R sim /K ) associated with N = 4, ω = 0.95, M ∈ {256, 512, 1024} and various K . R sim is given according to (17) . Other parameters have been specified in Table 1 . FIGURE 15. Rate distribution associated with N = 4, ω = 0.95, M = 256, K ∈ {5, 10, 20} as a function of the distance to the BS. The uplink data rate is calculated according to (12) . Other parameters have been specified in Table 1. allocation have all been accounted for. The proposed BE bound not only eliminates the potentially high computational complexity of calculating the uplink mutual information, but also facilitates a more scalable system analysis associated with various system parameters. Based on the proposed BE bound, a gradient ascent based optimization algorithm was proposed to optimize the power allocation with respect to uplink BE maximization. Our simulation results reveal that the proposed algorithm achieves a significant BE gain over the conventional uniform power allocation strategy. The proposed algorithm was also shown by simulations to achieve a near-optimal performance.
In the future, we will seek to extend the power allocation scheme originally proposed for single-cell massive SM MIMOs to a multi-cell scenario, where the system performance is simultaneously limited by the multi-cell pilot contamination as well as the transmitter's spatial correlation. It can be expected that, aided with SM technique and adaptive power allocation, the detrimental effect of multi-cell pilot contamination can be mitigated and a higher uplink data rate can be achieved.
The term I (y k ; a k ) can be calculated as follows:
where A kn is given by:
in which the likelihood function is denoted by P(y k |e n ) = CN (y k ; 0, kn ), and kn has been given in (14) . The terms A (1) kn and A (2) kn are formulated as:
By incorporating the expression of P(y k |e n ), it can be immediately shown that:
By applying Jensen's inequality, A
kn can be upperbounded as follows:
Substituting (39) and (40) into (36), the mutual information term can thus be lower-bounded as follows:
.
Furthermore, since the antenna-domain channel input a k is a symbol taken from a finite alphabet, i.e. a k ∈ {e 1 , . . . , e N }, VOLUME 5, 2017 the asymptotic mutual information I (y k ; a k ) at a high signalto-noise ratio (SNR) should therefore be equal log 2 N , yielding:
However, it can be readily shown that the lower bound of the right-hand side of (41) equals N + log 2 N − N log 2 e at sufficiently high SNRs. In order to obtain an asymptotically unbiased lower bound, we modify (41) to the following expression:
It is worth noting that the difference between (41) and (43) is merely a constant value, which is independent of the specific power allocation strategy, hence the optimization procedure we perform later in this paper is not affected by the modification leading from (41) to (43). Finally, substituting (35) and (43) into (34), the expression R lb k in (13) 
